This paper highlights some important concepts in the determination of a representative variance for use in a reliability analysis. Five basic issues are addressed. The linkage to the actual engineering problem is emphasised. These are not new concepts particular to reliability analysis, but analogous to the need for representative soil parameters for making deterministic prediction for real engineering systems. This paper is deliberately written in a somewhat provocative style to stimulate discussions.
INTRODUCTION
The use of reliability analysis, sometimes referred to as probabilistic methods, has received endorsement by many geotechnical researchers since the pioneering publication of Lumb in 1960s (Lumb 1966 (Lumb , 1967 (Lumb , 1968 . As discussed by Li and Lumb (1987) and Nadim and Lacasse (1999) , the factor of safety is not a good measure of probability of failure. A geotechnical system with a higher factor of safety can have a higher probability of failure than a similar one being designed to a lower factor of safety. The relationship between probability of failure and factor of safety depends on the reliability of the design model and the uncertainties of the input parameters. Due to the effort of countless number of researchers, significant advances in reliability analysis in geotechnical engineering have been achieved. Exceptional efforts have also been directed towards the development of a new generation of geotechnical codes underpinned by reliability analysis. Long-time prominent figures in the deterministic camp have started to support or accept a wider use of reliability methods in geotechnical engineering.
However, the immediate goal of convincing practising engineering to embrace reliability-based design is still a challenge. Most geotechnical engineers may not have a strong background in the mathematics of reliability analysis. It is the authors' opinion that we need to clarify to geotechnical engineers the linkage between the somewhat abstract mathematical analysis and real engineering problems, and to demonstrate that reliability analysis can yield realistic and meaningful outcomes.
Any form of reliability analysis requires at least two probabilistic parameters, mean and variance; noting that variance is square of standard deviation. This paper focused on the determination of a variance representative of a real engineering problem. Although this is rather pedestrian relative to the recent advances in reliability analysis, it is essential for getting practically meaning results. Furthermore, this is a challenging practical exercise as attested by the many years of debate in the use of probabilistic method in the determination of characteristic values in the context of EC-7 (EN 1997 (EN -1: 2004 , which is the simplest version of applying reliability concepts in engineering design. A number of issues, most of which are related to the linkages between reliability analysis and an actual engineering problem, need to be properly dealt with. This paper addresses these issues under five important concepts, and hopefully in a manner that will not "put-off" practising engineering.
CONCEPT-1: IMPORTANCE OF ENGINEERING JUDGEMENT
There is an abundance of papers that are focused on developing increasingly complex reliability analyses. However, most geotechnical engineers may find it difficult to come to grip the difficult probabilistic concepts and jargons. This leads to a not uncommon perception that most papers on reliability based design suggest the blind application of statistical analysis without appropriate input of engineering judgement. The concern about the apparent lack of engineering judgement has been echoed many times by both researchers in the deterministic camp and practising engineers. However, this is a misconception. In the authors' opinion, which is shared by many eminent researchers of the reliability camp, reliability analysis is not a replacement of engineering judgement or any other tools and advances achieved outside the reliability world. Engineering judgement is in fact enshrined in reliability analysis in two forms, Bayesian probability and judgemental values.
In Bayesian probability, the experience or judgement of an engineer is the prior. This experience or judgement can be combined with site or project specific data within the theoretical framework of Bayesian probability to yield an updated value of probability as addressed in many classic books on probabilistic methods, for example Ang and Tang (1984) .
Judgmental values are used (and indeed required) when only limited data are available for a particular random soil property. This is somewhat expected as getting adequate deterministic soil property is already a challenge. The uncertainty in a judgmental value is similar in concept to that of sampling uncertainty, and therefore can be dealt with in a manner similar to sampling uncertainty as discussed later (under concept 3). It is also evident that, in order to reduce uncertainties in judgmental values, the assigning of judgmental values needs to be undertaken by experienced engineers. Judgemental input in a reliability analysis dealt with uncertainties and inadequate data in a manner that is more transparent. It is always traceable to specific component of the design process, and its effect can be assessed objectively within a theoretical framework. This is considered superior to a fuzzy process of choosing a higher or lower factor of safety in attempt to account for some ill-defined uncertainties distributed in the various components of the design in a fuzzy manner.
CONCEPT-2: POINT VALUE VERSUS SPATIAL AVERAGE
A soil property is regarded as a spatially random variability as the actual values (i.e. realizations) of the soil properties can vary from one point to another within an apparently homogenous soil. The probabilistic properties of a soil property at any particular point (which is called the point property by Li and Lumb, 1987) can be characterized by a mean value and a variance Var{X}. This point-to-point variability is referred to as innate variability or spatial variability (Vanmarcke 1977, Li and Lee 1991) . For the idealized condition of perfect testing, the variability of a parameter, X, obtained from the testing of different specimens is solely due to innate variability. As discussed by Li and Lumb (1987) , Li (1991 Li ( , 1992 and Li and Lee (1991) , the appropriate variance to be used for probabilistic analyses may not necessarily be that of the point property.
The influence of innate variability to a stability problem can be illustrated by an idealized slope stability problem illustrated in Fig. 1 . The material idealisation is a constant cohesion material, ie X is the cohesion. The curvilinear distance along the potential slip surface is denoted as v. The cohesion value has a population mean c μ . The innate variability of X is indicated by the zigzag line. What governs the slope instability is the "cohesion averaged along the potential slip surface".
For the sake of simplicity in discussion, let us consider the idealised case of having "n" identical but independent elements along the slip surface. The resistance of the i-th element is given by X i L, where X i and L is the property and length of the i-th element. The total resistance, R, is given by
(ΣX i )/n is the average value over the failure path. Since the slope is considered to be statistically homogenous, Var{ΣX i /n} = Var{ΣX/n}.
As the elements are considered to be statistically independent, the equation for calculating the variance of ΣX/n, as given in many elementary textbooks in probability, is simply: Var{ΣX/n} = Var{X}/n. This means the variance of R, which is controlled by the variance of the average value of X, is reduced by a factor of 1/n.
In reality, we cannot simply divide the soil elements along the failure surface (or domain) into a number of statistically independent elements.
The soil properties of different locations are somewhat correlated. However, the average property of X over a given failure domain, denoted as X , is always reduced relative to that of X. This is indicated by the shaded zone of Fig. 1 .
Such a reduction can be mathematically modelled using the Random Field Model of Vanmarcke (1977) , and can be expressed as:
where Var{.} denotes the variance of a random variable, and Γ 2 is referred to as the variance reduction factor because its value is always less than unity. The value of Γ is dependent on the size of the failure domain and the scale of fluctuation, δ, the latter being a parameter of the Random Field Model (Vanmarcke 1977, Li and Lee 1991) .
Noting that standard deviation is the square-root of variance, Equation (2) can be re-written as:
Where σ{.} denotes the standard deviation of a random variable. This situation is analogous to that of test scores of students which are correlated. Although the score of an individual student may manifest significant scatter from the year-average, the average score for a group of students manifest significantly less scatter.
The evaluation of Γ, in general, is complicated. If the failure domain can be characterised by a dimension L, and under the condition of L ≥ 2δ, the following approximate equation can be used (Vanmarcke 1977, Li and Lee 1991) . In general, a "less variable" soil stratum has a higher δ value. The data of Lumb (1975) for marine clay in Hong Kong gave δ < 1m, and this was supported by further data reported in Li (1989) . The data of Day (1993) for a silt deposit in Canberra gave δ of ~1.2 m.
It is evident from Eqns (2) to (3) that if the variance (or standard deviation) of X is wrongly taken as that of X, then the variability (or uncertainty) of the parameter governing the occurrence of limit state will be over-estimated.
In calculating the variance reduction factor, the determination of an appropriate failure domain based on engineering considerations is a-priori requirement. In a slope stability problem controlled by a weak seam, the relevant geo-parameter, X , should be the average strength along the failure path in this weak seam. The corresponding population is the whole weak seam, not that of the slope. This again highlights the importance of sound engineering judgement in a reliability analysis.
CONCEPT-3: POPULATION MEAN CAN ONLY BE ESTIMATED
In the preceding section, the mean value is the population mean (sometimes also referred to as the true mean). Since the population is infinite, the true mean value of a soil property cannot be known with certainty. The mean value that we calculated from sample data, sometime referred to as sample mean, is only an estimate of the population mean. Therefore the net variance, Var net , is the variance of a spatially averaged soil property estimated by the sample mean. Its value is given as follows (Li and Lumb, 1987; Li, 1989) .
where X is the spatially-averaged soil property estimated by the sample mean. The first term on the right hand side of Eqn. (4) is the sampling error in statistical language, that is, uncertainty arising from the estimating the population mean. The second term is associated with the innate variability of soil property.
If the average soil strength is estimated from the sample mean value calculated from a total of N independent sample points, { } { }/ Var m Var X N = . Substituting back to Eqn (4) yields:
In theory, Var{m} can be always made to be negligibly small by increasing the number of measurement points. In reality, the number of test data is usually limited and Var{m} is a significant term in most geotechnical engineering projects. Eqns. (3a) and (3b) imply that an adequate number of reliable and representative tests is needed to minimize the uncertainty of the parameter governing the occurrence of a limit state. This indirectly, but mathematically, supports the opinion expressed in Duncan (2001) that appropriate use of reliability (statistical) methods still needs adequate quality data.
For the condition of both N and Γ being small, Γ 2 can be neglected relative to 1/N and Eqn (5) can be simplified to: Physically, this implies that (i) the uncertainty is dominated by the estimation of the population mean from a finite number of data points, and (ii) the difference between the population mean and the mean value over the failure domain is negligibly small. The latter is in turn due to the failure domain being large relative to δ. Eqn (5a) has been adopted by a number of researchers for calculating the characteristic value of a soil property as defined in EC-7 (EN 1997 (EN -1: 2004 , but without any explicit discussion of the assumption inherent in Eqn (5a).
CONCEPT-4: CONVERSION UNCERTAINTIES
Sometimes, the soil parameter required for a design model is a "derived value" (in EC-7 language), that is, it is obtained by applying a conversion factor to the measured property X. For example, in a total stress design model, a conversion factor of 0.7 maybe applied to the undrained cohesion measured in triaxial compression to take into account the simplified assumption that the undrained cohesion is independent of deformation mode. Mathematically, this can be expressed as:
where X′ is the derived value (for use in a design model) whereas X is the measured property. Such a conversion equation may also be for a multiplicity of other reasons. The factor K may take into account the inherent bias in the measurement of a soil property, or simplifying assumptions inherent in the design model. It may even be an empirical factor for converting an index property to a soil property relevant to a design model. The use of the above equation always imply that the variance of the derived value is different from that of the measured value, that is, Var{X′} ≠ Var{X}.
The same conversion factor can be applied to obtain the derived spatially averaged soil property. Therefore we can also express the above equation in terms of spatially averaged value.
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Where X ′ is the derived spatially-averaged property. If the contribution from innate variability can be neglected, the variance of X ′ , the derived spatially-average property, is given by (Li, 1989) :
Inclusion of the contribution of innate variability leads to:
It is evident from Eqns (7) or (7a) that the factor K and its uncertainty can significantly affect the variance of the derived spatially-averaged value.
CONCEPT-5: THE IMPORTANCE OF TESTING ERRORS
Geotechnical testing is in general an error-prone process. The error may be in the form of a bias and therefore can be corrected by the conversion equation (6), and the associated uncertainties can be dealt with by Eqn (7). The error can also be of a random nature. In such a case, the variance of the measured soil parameter contains two components, innate variability and random testing error. Denoting the variance of the test results as X T , the variance of X T can be related to innate variability and random testing error by:
where T is the random testing error. This means the innate variability is less than that obtained directly from testing data. In addition to being dependent on the testing methods, Var{T} may also depend on the method of interpretation (Li 1991) . Var{T} can be assessed an error analysis process, and possibly maybe augmented by the judgement of an engineer experienced in experimental methods.
DISCUSSIONS AND CONCLUSIONS
The variances of soil parameters are needed for any form of reliability analysis, simplified or complicated. The determination of this simple parameter for real engineering problems, often considered as pedestrian in reliability research, can be challenging. The authors have the experience of coming across unrealistic "reliability predictions" because of overlooking a number of essential issues (of practical and theoretical origin) that affects the variance of soil parameters. For the sake of simplicity, these issues are addressed under five key concepts. The first concept is more a clarification. The other four concepts have a significant implication: the variance of a certain soil parameter or property of a given soil is not just a function of the soil type or stratum, but depends on a number of factors such as size of failure domain, number of test samples, choice of design model etc.
It is also pertinent to note that concepts 2 to 5 all trace back to a single overarching consideration: linkages between the design model, the actual engineering problem, and representative input parameters. This is essentially the same as that needed for making meaning deterministic predictions of a real engineering system. In this sense, the paradigm of reliability analysis is simply an extension of that of deterministic analysis. There is no need for having two camps: a reliability camp and a deterministic camp.
